In this work, a control-oriented sewer network model is presented based on a hybrid linear modeling framework. The model equations are described independently for each network element, thus allowing the model to be applied to a broad class of networks. A parameter calibration procedure using data obtained from simulation software that solves the physically-based model equations is described and validation results are given for a case study. Using the model equations, an optimal control problem to minimize flooding and pollution is formulated to be solved by means of mixed-integer linear or quadratic programming. A receding horizon control strategy based on this optimal control problem is applied to the case study using the simulation software as a virtual reality. Results of this closed-loop simulation tests show the effectiveness of the proposed approach in fulfilling the control objectives while complying with physical and operational constraints.
Introduction
Combined sewer networks are present in many large cities all over the world. These networks carry wastewater and storm water together. During low to moderate rain events, this water is carried to wastewater treatment plants, where it is treated before being released to the receiving environment (usually a river or the sea). However, during heavy-rain events, the network capacity can be easily overloaded, causing urban surface flooding as well as untreated water discharges to the environment, known as combined sewer overflows (CSO).
To avoid these undesired discharges, detention tanks are built within the network to store water during the peak rain intensity periods and release it later at lower flow rates. Since these infrastructures are clearly expensive and hard to place in urban areas, its efficient operation has become a topic of major interest.
The efficient management of combined sewer networks requires controlling the flows in the network and in and out of the detention tanks in real time. This process is strongly dependent on rainfall predictions, which are only available with acceptable precision for short time periods. Thus, real-time control (RTC) is regarded as the best option to provide control actions every few minutes, using the most recent rainfall predictions as well as data obtained through network telemetry [38] .
A physically-based model for flow routing in sewers (open-channel flow), which describes the relation between flows and water levels, involves the solution of a set of partial differential equations (the de SaintVenant equations). The numerical solution of this problem for mid-to large-scale networks takes too long to be included in real-time control. Therefore, control strategies based on the full de Saint-Venant equations remain only applicable to small-sized networks while simplified mathematical models have been developed in the recent years to be used in the management of large-scale networks. These models are expected to provide a trade-off between model accuracy and computational burden in order to be used in an RTC context.
Sewer Network Modeling
The model described in this work has been developed for being used as a control model in optimizationbased real-time control. Two main features are expected from such a model: it must provide good approximations of the system dynamics and it must be possible to pose optimal control problems based on the model to compute control actions in real time using appropriate solvers. It is a well-known fact that structural nonlinearities in the system dynamics produce non-convex optimization problems for optimal control for which neither convergence in real time nor global optimality are guaranteed. The hybrid linear framework chosen for the presented model allows for acceptable approximations of the continuous (water transport with delays and wave attenuation, volumes in tanks) and switching (flow over weirs, overflows, flooding) phenomena of water transport along the network and the corresponding optimal control problem results into a Mixed Integer Linear Programming problem (MILP), which can be solved within the available times by state-of-the-art solvers to obtain global optimal solutions.
The network control is achieved through gate management, redirecting flow into or out of detention tanks or to different parts of the network. According to the physically-based model, the flow under a sluice gate depends on the gate opening and the upstream and downstream water levels [20] . However, the presented model is a discrete-time model that describes only the flows through the network (the physically-based model involves flows and water levels, see Section 2.1). Therefore, the optimal controller described in this work acts as an upper level controller that computes the desired flows at gates, to be used as set-points for local controllers that regulate gate positions.
Before presenting the control model developed in this work, a brief presentation of the physically-based model used for calibration, validation and closed-loop simulations of the controllers is given. Notice that the simplified control model is a conceptual model, thus, no direct mathematical relations are required between the physically-based model equations and the simplified ones.
Physically-based Model
The physically-based model for water motion in sewer networks is based on the 1D de Saint-Venant equations with constant channel cross-sectional area and constant channel bed slope [23, 36, 28, 35] . These equations are hyperbolic nonlinear partial differential equations (PDE) relating the flow and water level in an open channel/sewer: [20] :
where n is the Manning coefficient s m −1/3 (depending on the channel physical properties) and R h the hydraulic radius [m]. The de Saint-Venant equations are applied to each sewer and coupled by means of internal and boundary conditions defined at junctions, sewer geometry changes and hydraulic structures. These internal and boundary conditions imply that the network dynamics must be solved as a single system, not for each sewer. Thus, the problem becomes computationally very demanding for big networks with complex topologies.
The classical physically-based models for hydraulic structures can be found in a number of textbooks on hydrodynamics [7, 6] and control of hydrosystems [20, 21] . They relate the flow and water levels up-and downstream of the structure. The most common structures present in sewer networks are weirs and gates. The equations for these hydraulic structures have the following general expression:
where q(t) is the flow through the structure, h u (t) and h d (t) are the water levels upstream and downstream of the structure and p(t) the structure physical parameters.
Overflows are modeled in the same way as weir flows, and therefore are defined to occur at junctions. In both cases the the overflow or flow to the spillway is subtracted in the mass balance internal conditions coupling the equations of the sewers attached to the junction. CSOs are modeled as normal sewer flows that go out of the network through a constant water level boundary condition. 
Control-oriented Model

Description
Symbol Units Indexing Flow entering sewers q
Flow Model
As shown in Figure 1 , for each sewer, two flows are considered: the upstream flow q in (t) (or inflow) and the downstream flow q out (t) (or outflow).
Mass balance equations.
The mass balance equations describe how, at each network junction, the total inflow must equal the total outflow. For each sewer i = 1 . . . n q , the total inflow is computed as the sum of all inflows at the junction where it is connected, i.e.,
See Table 1 for a description of the variables describing the different flows involved in this equation. Coefficients a * ij ∈ {0, 1, −1} indicate which elements are interconnected; therefore they contain the topological information of the network. Notice that, for sewers i and j connected to the same upstream junction, z qi (t) = z qj (t).
The flow upstream of each sewer is now defined as a fraction α i ∈ (0, 1] of the total inflow plus the effects of overflow f (t) and flooding runoff q t (t):
The overflow variables f (t) describe the flow leaving the network at a junction when the total inflow is above a given threshold value and the flooding runoff variables q t (t) describe how the volume that left the network during an overflow returns to the network after the overflow has finished. The equations for these variables as a function of the junction inflow are provided in the following sections. The value of α i describes whether sewer i is the only outgoing sewer from the junction where it is connected (α i = 1) or there are other outgoing sewers (α i < 1). In the latter case, the α parameters of all the outgoing sewers of a junction should add to 1 for mass conservation. The presence of several outflowing sewers attached to a junction is not common in sewer networks, therefore in most cases α = 1.
Flow equations.
To account for transport delays and flow attenuation, the flow downstream of each sewer is computed as a convex combination of the upstream flows at two consecutive previous time steps. Hence, for each sewer
with a i ∈ (0, 1]. This model has been chosen because the delay in sewers may not be a multiple of the sampling time unless the latter is chosen to be very small, which would lead to a high number of variables in the problem to cover reasonable simulation or optimization time windows. By means of a convex combination of flows at two consecutive time steps, delays of any magnitude can be suitably approximated. It is also worth noticing the fact that coefficients a i and 1 − a i add to 1 implies that the model is mass conservative.
Tank Model
To match the discrete-time equations of the flow transport, the volumes v(t) in the network tanks are described by the following discretization of the volume equation, with sampling time ∆t:
For ease of notation, it is supposed that both the inflow g in (t) and outflow g out (t) of the tanks are controlled by gates. However, the model could be easily extended to consider inflows and outflows from sewers or weirs. Notice that when using the model for control purposes a constraint forcing the tank volume to remain within its physical limits (0 ≤ v(t) ≤ v max ) must be imposed. 
Weir Model
Movable weir flows present in the network are considered as controlled variables in the same way as gate flows: to run the model for simulation weir flow values have to be provided as inputs while for optimal control purposes they are left as free variables to be computed by the optimization problem and later be used as setpoints for local controllers. Therefore, in the following only weirs with fixed position will be considered. Since the proposed model does not include water levels, an approximation for fixed weirs in terms of flow is used.
The flow w(t) over a weir attached to a junction with total inflow z w (t) (see Figure 2 ) is computed as
where q max w is the inflow value at which water starts flowing through the spillway. As mentioned before, the flow over a weir does not actually depend on flow values but on water level, thus it was observed in data obtained from a complete physically-based model simulator that flow values at the main sewer can reach values greater than q max w . This fact is suitably approximated by the introduction of parameter a w ∈ (0, 1]. Notice that for each weir in the network, the inflow z wi , i ∈ {1, 2, . . . , n w }, equals the total inflow z qj , for some j ∈ {1, 2, . . . , n q }.
Overflow Model
Overflows are defined at junctions in a way completely analogous to the weir flow, i.e.,
where f (t) is the overflow, z f (t) the total inflow to the junction and q max f the inflow value at which overflow starts. Again, a f ∈ (0, 1] is introduced to better approximate the fact that the outflow can be greater than q max f . Although overflows could be defined in every network junction, it is better to define them only at those prone to suffer from overflow events. This junctions can be easily determined from data generated by a physically-based model simulator. Avoiding the definition of overflow variables at those junctions where overflows are very unlikely to occur improves the model computational speed since it is strongly dependent on the amount of switching equations, specially in the optimal control case.
Notice that, as in the weir inflow definition, for each overflow junction defined in the network, the inflow z fi , i ∈ {1, 2, . . . , n f }, equals the total inflow z qj , for some j ∈ {1, 2, . . . , n q }.
Flooding Runoff Model
A novel feature of the proposed model consists in keeping track of the volume that goes out of the network through overflows to let it return to the network when the overflow event has finished. A similar model based on water levels is implemented in the physically-based model simulator used for calibration, validation and control. Therefore, this model is developed as a flow-based approximation of the one implemented in the physically-based model simulator.
As shown in Figure 3 , to keep track of the volume flowing out of the network through overflows, for each overflow variable f (t) a volume variable v t (t) is defined, which acts like a tank that stores all the overflow volume, i.e.,
where q t (t) is the emptying flow defined as
with b f ∈ (0, 1]. To understand the meaning of (7), notice from the definition of the overflow variable (5) that f (t) > 0 =⇒ q t (t) = 0, therefore, the tank does not start emptying until the overflow event has finished. On the other hand (5) also implies that
This means that the tank can never provide more flow than that which would empty it in a single time step (i.e., v t (t)/∆t). If there is enough volume available (i.e.,
, the tank empties at a rate b f proportional to the difference between the overflow threshold q max f and the inflow z f (t).
Collector Model
Collectors are big sewers with an in-line detention capacity of the same order as a tank. For optimal control purposes, collectors with a downstream gate controlling their outflow are best modeled as one or more tanks. This modeling allows to keep track of the volume v c (t) contained in the collector coming from upstream sewers q(t) so as to decide the amount available to be released through the downstream gate g(t). The equation, using a one-tank model, for the volume contained in the collector is, therefore, analogous to the one used previously for the volume contained in a tank:
An overflow variable f c (t) is also added to the tank that models the collector to take into account possible flooding. The overflow variable is defined as in the overflows in junctions:
i.e., variable f c (t) equals the the part of the inflow q(t) that does not fit in the collector, which has the physical limitation v c (t) ≤ v max c
. When using the model for optimal control purposes, the overflow variable provides a way for the water to escape in case the collector becomes overloaded, thus keeping the optimal control problem from becoming infeasible. As will be described in Section 6, this situation is to be avoided by all means. This is achieved using a strong penalty function of variable f c (t) in the objective function of the optimal control problem.
Rainfall-Runoff Model
The rainfall-runoff model used in this work is the one provided by the physically-based model simulator used for calibration, validation and control simulations so that both the control model and the physicallybased model have the same rain inflows. The rainfall-runoff model, called Kinematic Wave Model B [26] , is based on modeling the rain catchments as nonlinear reservoirs, that is, reservoirs emptying at a rate which depends nonlinearly on the water volume contained therein. Each network catchment is connected to a network junction where the computed inflow is added.
All the parameters involved in the equations of the previous model description can be calibrated using data generated with a physically-based model simulator solving the full PDE system as described in detail in Section 4.
Sewer Network Control
Although the focus of this work is to present the control-oriented model together with calibration and validation procedures, it is also important to assess whether it fulfills the computational times and accuracy requirements to be used in real-time control. Notice that, for simulation only purposes, the complete de Saint-Venant equations provide more accurate results and specialized academic and commercial software for this kind of simulations already exists (see, for example, Bach et al. [1] and the references therein). Therefore, in this section, a brief outline of the setup of a receding horizon controller based on the proposed model is given, which can be used to assess the controller performance, as shown in Section 6.
Optimal Control Problem Formulation
The Optimal Control Problem (OCP) is concerned with minimizing overflows and untreated water discharges to the environment and maximizing WTTP usage over a time horizon that is related to the concentration time of the network.
In order to formulate optimal control problems, the previously described model equations are written in matrix form. For the model equations involving maximum and minimum functions matrix expressions are obtained through the Mixed Logical Dynamic system formalism.
The Mixed Logical Dynamic (MLD) systems is a framework for modeling and control of systems whose dynamics are described by linear equations and inequalities involving continuous and binary variables [2] . It provides a set of rules to define binary variables describing the truth value of logical statements involving linear inequalities in the system variables (continuous or already defined binary ones). These variables can be used to define the system dynamics allowing for switching behaviors. MLD systems have been shown to be equivalent to other system modeling formats including linear complementarity systems, extended linear complementarity systems, piecewise affine systems, and max-min-plus-scaling systems [14] . Details on the MLD reformulation of the proposed sewer network model equations can be found in Joseph-Duran et al. [18] .
Putting together all the system dynamic equations and the MLD inequalities, the model can be written in the Hybrid Linear Delayed System format
where vector X(t) collects all the system variables at time step t, including additional binary variables defined during the MLD reformulation, and T is the maximum sewer delay in (3), defined as follows:
Details on how matrices M i , N i , i = 1, . . . , T , and vectors m(t) and n(t) are constructed can be found in Joseph-Duran et al. [18] . The terms m(t) and n(t) contain the influence of rainfall-runoff inflows r i (t) and system parameters.
The OCP consists of computing admissible control strategies that optimize the some operational goals (such as overflow and CSO minimization) over a time horizon. It is formulated as a constrained optimization problem where equations and inequalities (8) at time steps t + 1, . . . , t + H, where H is called the prediction horizon, are the constraints. The system variables at the current and the previous time steps t, . . . , t − T + 1, are used as initial conditions. After writing the resulting set of equalities and inequalities in a compact matrix form the OCP has the following form:
A eq X (t) = b eq (t),
where J is a cost function describing the system performance according to the operational goals,
are the problem unknowns, corresponding to future values of the system variables,
are the measured or estimated initial conditions and matrices M i , N i , i = 1, 2, 3, are block-matrices build using matrices M i and N i in (8) , as detailed in Joseph-Duran et al. [16] . Additional constraints of the form A eq X (t) = b eq (t) and A ineq X (t) ≤ b ineq (t), are added to the OCP to take into account bounds on variables, bounds on the variation of the gate flows for smooth control actions and mass balance in junctions with outflowing gates. Details of the form of the cost function J(X (t)) used to quantify the management objectives of the network are given sin Section 6. In this case, a linear function of the problem variables has been used and the corresponding optimization problem becomes a MILP. More generally, a quadratic function could be used and the corresponding optimization problem would become a Mixed Integer Quadratic Programming problem (MIQP). Both the MILP and the MIQP versions of the OCP can be efficiently solved by using appropriate optimization software.
Receding Horizon Control and Simulation Algorithm
Receding Horizon Control (RHC) is a high level control strategy which involves solving consecutive OCPs and applying only the control actions corresponding to the first part of the solution to the system. The usual strategy consists of solving a finite horizon OCP with a prediction horizon of H time steps, applying the solution corresponding to the first time step, letting the system evolve for one time step and measuring/estimating the state of the system to formulate the OCP for the next control interval with measured data as initial conditions.
The time step used in the control model to provide sufficient accuracy may not be adequate to be used in the RTC strategy as described above. This fact is due to additional time required to gather system measurements from a SCADA system or due to the dynamics of the actuators. In any case, the RHC strategy can still be applied by updating and solving the OCPs every few time steps instead of every one. The number of time steps t c elapsed between updating and solving two consecutive OCPs is called the control interval.
Control Simulation Set-up
To test this RHC strategy, a physically-based model simulator may be used as virtual reality providing what in a real case would correspond to flow measurements. In this work, the commercial physically-based model simulator MOUSE ( [27] ) has been used. The diagram in Figure 4 shows the overall closed-loop simulation scheme.
Thus, at time instant t an OCP with a prediction horizon H time steps is solved. The values of the gate flows for the first t c time steps are used as set-points for local PID controllers implemented in MOUSE to run a simulation of the system evolution during t c · ∆t minutes. The result of this simulation is then used to update the initial conditions of the control model to formulate and solve the OCP at time instant t + t c . The procedure for a rain event of t s time steps is detailed in Algorithm 1.
Notice that, during the MOUSE simulations, the gate flow set-points remain constant. This fact has been taken into account in the control model by adding the corresponding additional constraints in the OCPs.
Control-oriented Model Calibration
As mentioned above, it is assumed that a simulator based on the complete physically-based model is available for calibration purposes. As proposed in the literature (e.g. in Meirlaen et al. [24] ) using this detailed model, which has previously been calibrated with real data, larger amounts of virtual data covering a wider range of situations can be generated to calibrate the control model. The calibration in this work, then, focuses on the ability of the control model to apprehend the hydraulic behavior explained by the physically-based model. It is important to remark that this calibration is based only in flow, water level and rain intensity data, so that the process would be the same if real field measurements were available.
Through simulation of several rain events, the physically-based model should provide comprehensive information regarding flows and water levels in junctions, sewers, weirs and gates. A description of the specific physically-based model simulator used for this work is detailed in Section 5.1. The focus of this 
Compute rainfall-runoff prediction R H (t) = r(t + 1) ⊤ , . . . , r(t + H)
Run MOUSE for simulation time (t, t + t c ) with gate PID set-points G P ID = G * (t) Extract MOUSE flow data from result files:q in ,ŵ,ĝ ComputeX (t + t c ) = X (t + t c ) ⊤ , . . . ,X(1) ⊤ ⊤ , using the model and MOUSE data
work is the description of the control-oriented model, its calibration, validation and use for real-time control. The calibration procedures for the physically-based model and the rainfall-runoff model are, therefore, out of the scope of this work.
In the following, flows in sewers, weirs and gates and the rainfall-runoff inflows provided by the physicallybased model simulator will be denoted with hats:q in i (t),q out i (t),ŵ i (t),ĝ i (t) andr i (t), with t = 1, . . . , t s and t s the duration of the simulated event. Using this data and equation (1) the inflows to each sewer according to the physically-based model can be computed and in the following will be denoted asẑ qi (t) (ẑ wi (t) and z fi (t) if a weir or overflow is attached to the junction).
The overall calibration strategy involves comparing the flows of each sewer or weir computed by the control model with those computed by the physically-based model simulator. This comparison is performed for different values of the parameters (by trial and error or, indirectly, by optimization methods) and the values that provide the best approximation are chosen.
Flow Model Calibration Mass Balance Parameters
Since all a * ij coefficients in equation (2) are such that a * ij ∈ {0, 1} depending on the specific network topology, α i are the only parameters to be calibrated in those equations. Moreover, parameters α i need to be calibrated only for sewers whose upstream junction has more than one outflow since otherwise α i = 1.
If N outflows are considered, let i 1 , . . . , i N , be the indices of the outflowing sewers. Denoteq(t) the total outflow to the junction (the sum of all inflows), i.e.,
Then, each parameter α i k , k = 1, . . . , N , is computed as
This problem has an explicit solution and it can be shown using its expression that N k=1 α i k = 1, as desired.
Flow Equation Parameters
Delays t i and attenuation parameters a i are computed by minimizing the difference of the left-and right-hand sides of (3) when using data computed by the physically-based model simulator, thus leaving the parameters as the only free variables, i.e., (t i , a i ) = arg miñ
In this case, since no explicit solution is available, parameters are computed by trying combinations of different values of a i ∈ (0, 1] and t i ∈ {0, 1, . . . ,T }, whereT is a rough upper bound on the maximum network delay determined beforehand from observation of simulation data.
Weir Model Calibration
According to (4), two parameters are to be determined for the weir flow equation: the maximum inflow at the junction before water starts to flow through the spillway q max w and the weir parameter a w . The maximum inflow q max w is defined as the inflow at the time instant when the flow over the weir starts, q max w =ẑ w (t w ),
The weir parameter is computed so that the maximum weir flow obtained with (4) using simulator data equals the maximum provided by the simulator, that is,
Overflow and Flooding-Runoff Model Calibration
Although the expressions for the overflow and weir flow are completely analogous, the calibration procedure for the involved parameters is slightly different because the simulator does not provide explicit overflow variables. Thus, the calibration must be carried by using only the in-and outflows of the overflowing junction. Another useful variable for overflow parameter calibration that is not used anywhere else in the model, but is provided by the simulator, is the junction water level. This variable is used to determine when the overflow event starts as follows:
where h 0 is the ground level at the junction. Thus, it is being considered that overflow starts when the water level in the junction surpasses its ground level. The maximum inflow before overflow starts is, therefore, defined as the inflow at the starting of the overflow event, i.e.,
Finally, the overflow parameters are obtained as
wheref (t, a f ) andq t (t, b f ) are computed as in (5) and (7) using the physically-based model inflowsẑ f (t) and leaving parameters a f and b f free. Since no explicit solution is available for this optimization problem, these parameters are computed by trying combinations of different values of a f ∈ (0, 1] and b f ∈ (0, 1].
Case Study and Control-oriented Model Validation
Case Study Description
To calibrate and validate the model and later apply it in a control context, a specific network has been studied: the Riera Blanca network. This network is a part of the Barcelona city sewer network that spans an area of approximately 26 km 2 . Full information about this network has been provided by CLABSA (Clavegueram de Barcelona S.A.), the company responsible of its management, in the form of a highly detailed implementation in the sewer network physically-based model simulator MOUSE [27] , including three-dimensional coordinates of sewers and junctions, cross-sectional geometries and materials of sewers, tank geometries and gate characteristics. All the parameters for this model as well as the rainfall-runoff model have been calibrated by CLABSA using real measurement data. Prior to the control model implementation, an automatic simplification of the network topology has been performed in order to avoid the use of redundant variables. As shown in Figure 5 , only junctions involving more than two connected sewers have been considered, with the exception of those that are also defined to have a rainfall-runoff inflow attached. Also some simplifications regarding the geometry of the reservoir tanks have been carried out. After this process the number of each element in control model is as follows: n v = 2 tanks, n q = 145 sewers, n w = 3 weirs, n f = 11 overflows, n g = 10 gates, n c = 1 collector, n r = 68 rain inflows, and 134 junctions, 11 of which have two outflowing sewers attached. The sampling time has been chosen of ∆t = 1 min with a maximum delay in sewers of T = 9 min.
The Riera Blanca sewer network converges at its downstream end to a single sewer controlled by a gate at its downstream end. Figure 6 shows a detail of the downstream end of the network with the big sewer denoted as q 139 and the gate as g 7 . Sewer q 139 is a big collector of about 1.2 km long, with very small slope and with a total volume of over 50000 m 3 . Due to these features, this sewer is modeled using the collector model of Section 2.2.6. For the results shown in this paper, real pluviometer data provided by CLABSA corresponding to four real-rain events from years 2002, 2006 and 2011 has been used. The total rain inflow for each event is shown in Table 2 together with its duration. Figure 7 shows the total rain inflow to the network as computed by the rainfall-runoff model described in Section 2.2.7 (i.e., the sum of all 68 inflows as a function of time for the studied rain events). Using these inflows as input data for the physically-based model, the four rain events have been simulated with fixed position for the network gates to generate the data sets used for calibration and validation. The calibration procedure has been applied to each scenario and a final parameter set has been obtained by trial an error as a weighted average of the individual scenario parameters.
Model Validation in the Riera Blanca Network
To validate the model, the flow values of all sewers in the network as computed with the proposed model are compared with those provided by the physically-based model. For each sewer, defineē i , i = 1 . . . n q , as the mean value of the accumulated absolute error over the simulation duration, expressed as the total number of time steps t s , i.e.,ē
To obtain a description of the overall model accuracy, the mean and the maximum of these errors are used as indicators, expressed as: Table 3 shows the error values for the different rain events. The maximum error E 2 is achieved in all cases at the big sewer at the downstream end of the network (q 139 , Figure 6 ). The nonlinear effects of open-channel flow are especially relevant for big sewers with low slope. These effects are increased by the presence of a gate at the downstream end of the sewer since, unless the gate is completely open, water accumulates causing changes in the flow and the total sewer delay. The approximations of the inflow to the collector as computed by the control model and the physically-based model are shown in Figure 8 . 
Sensitivity Analysis in the Riera Blanca Network
The use of simplified control-oriented models implies that some aspects of the system dynamics are omitted. To compensate this fact parameters are included into the model to be calibrated and better approximate the system behavior. In the present problem, the values of the parameters are highly dependent on the characteristics of the exogenous disturbance: the rainfall-runoff flow entering the network, which is determined by the rain intensity. Depending on the rain intensity the flow velocity through the network pipes changes, resulting into variable transport delays and affecting the flow-level relationships. These phenomena are not explicitly taken into account by the model and should be reflected by means of the parameter values, obtained by the calibration procedures. Therefore, in order to obtain a suitable set of parameters the studied rain events used for calibration and control should be of similar intensities. In the following, a discussion of the model performance against variations of the rain intensity is presented.
The selected rain events for calibration, validation and closed loop control simulation used in this work have different profiles and peak values (see Figure 7 ) but result in peak flows and velocities of the same order. Therefore, as shown in Table 4 , they produce similar parameters. Figures 11 and 12 , show the variations on the predictions of weir flow and outflow at an overflowing node for slightly different values of the model parameters. It can be noticed that small variations in these parameters already turn into bad approximations at several time instants. Moreover, due to the network structure, these errors would be propagated and accumulated to all the following downstream sewers.
To evaluate the model sensitivity against the variation of the rain intensity, simulations have been performed using a design rain event (DRE). Design rain events are artificially generated rain profiles used for simulation purposes. The specific procedures are developed to meet standard intensities and durations for a given climate and are out of the scope of this work. Table 5 shows the error indices introduced in Section 5.2 for a DRE which has been scaled with factors 1, 1.5, 2 and 2.5. As expected, the model accuracy decreases as the intensity increases. Figure 13 shows the model approximations and errors with respect to physically-based model simulator data for sewer q 139 , located at the downstream end of the network, where model error from all previous . These values are higher for intense rain events where flows reach higher velocities and flow values for a given water level are also higher. Secondly, at the end of the rain event, when a sudden decrease of the flow value occurs. Again, for high intensity events the higher flow velocities lead to shorter delays. In presence of sudden flow changes, the delay accuracy is of capital importance in order to properly approximate the flows. In both situations, proper calibration of the model parameters using rain events of suitable intensities would lead to improved-accuracy approximations.
Notice also that when the model is used for real-time control, it is expected that network measurements provided every few minutes are used as initial values for the model, correcting partially the approximation errors. All the simulations and plots shown in this section have been performed without any measurement update. 
Receding Horizon Control Results
The RHC strategy described in Section 3.2 has been applied to the case study network with a control interval of t c = 5 time steps and a prediction horizon of H = 30 time steps. The four rain events which were used for model calibration and validation have been simulated with the RHC strategy to achieve the following control objectives:
1. Minimize overflows 2. Minimize CSO discharges 3. Maximize waste water treatment plant (WWTP) usage These objectives are quantified in the following multi-objective cost function:
where J COF (X (t)) is the overflow of collector q 139 , J OF (X (t)) contains the sum the rest of the overflow variables at junctions, J CSO (X (t)) contains the sum of flow variables corresponding to the sewers connecting the network to the sea and J W W T P (X (t)) contains the sum of flow variables corresponding to the sewers connecting the network to the WWTP. The model is flexible enough to accommodate control objectives other than the ones proposed in objective function (10), e.g., tracking of a desired filling setpoint in tanks, minimization of CSOs caused by weir flow, prioritization of CSO events at different points of the network, prioritization of the use of different WWTPs, etc. The choice of the terms and weights in (10) reflects the order of importance of these individual control objectives. Moreover, the network topology plays an important role on the way objectives interact with one another and tests must be conducted to correct the weights to compensate individual objective and global objective performances. One possible procedure to determine objective function weights is to perform closedloop simulations using single-goal objective functions. The performance results of these simulations provide a reference for each objective to be compared with the multiple-objective simulation results. Then, starting with a multi-objective function with weights of different orders of magnitude according to the priority of the objectives (normalization factors must also be included if both flows and volumes are involved), closedloop simulation tests can be performed to assess whether the interactions among the different individual objectives cause global performance losses and then correct the weights accordingly.
The choice of the weights in (10) for the topology of the case study network has been performed as follows. Notice that the fulfilling of all the proposed control objectives for the case study benefits from low flow rates, which encourage absence of overflows and contribute to not saturating collector q 139 at the downstream end of the network, which, in turn, leas to avoiding CSO discharges. Taking into account that the values of the weights are only relevant relative to one another γ OF and γ CSO are set to 1. Overflows at the collector would be specially dangerous due to high flow rates, therefore γ COF has been set to 10, implying that this collector overflow is prevented possibly by means of allowing overflows to occur elsewhere upstream. Finally, the selected weight for the WWTP term is set to γ W W T P = −10 −1 . The negative sign is used to obtain maximization of this goal (while the others are minimized). Trial and error tests showed that negative weights in the WWTP term of the same order as the CSO ones lead to higher CSO results due to the fact that the negative and positive terms of the two objectives compensated [16] . Table 6 shows the results of the presented control approach and the variations in the objectives compared with the no control results obtained by simulating the rain events with a passive system, i.e. with gates set at fixed positions. Currently, the actual network regulation is performed by expert operators and local control, but no data related to the real management of the network for the considered rain scenarios are available for comparison. The results show that appropriate management of the detention tanks at the upper part of the network can mitigate overflows almost completely (most overflow volume reported in Table 6 corresponds to overflow points upstream of any control action) by reducing the peak flows in the network sewers. The volume stored in the tanks can be later released at adequate flow rates to increase the volume treated in the WWTP. On the other hand, the use of the in-line capacity of sewer q 139 results in a reduction of the CSO volumes.
Aside from the performance results for the case study network, some relevant aspects of the presented control model are worth mentioning. Firstly, the closed-loop simulation results show that the volumetric physical limits of the tanks and the collector are always respected. Secondly, the setpoints computed by the control model can generally be achieved by the PID controllers implemented in the simulator in the given simulation times. These facts confirm that the flows computed by the model are of suitable accuracy to be used in a RTC context.
All optimization problems were solved using CPLEX v12.5 [8] MILP solver with standard settings, available thanks to IBM Academic Initiative [15] , on a machine with an Intel Core 2 Duo CPU with 3.33 GHz and 8 GB RAM. Table 7 shows the properties of the optimization problems together with the mean and maximum computing times of all the problems solved, considering the four simulated events. 
Conclusions and Future Work
In this work, a control-oriented model for large scale sewer networks has been developed together with a parameter calibration procedure using data generated by a simulator based on a physically-based model. The model has been applied to the case study of a real network and validation results show that the model predicts the flows accurately.
From the general mathematical expression of the model, a simple matrix-based procedure to formulate an Optimal Control Problem has been developed. The Optimal Control Problem has been used in a Receding Horizon Control strategy to minimize flooding and CSO and to maximize WWTP usage in the case study network. The closed-loop control demonstration has been performed using a physically-based model simulator as a virtual reality and results show significant improvements with respect to the passive control strategy.
Future research focuses on three major topics: firstly, the development of a better model for big collectors since it is expected that this feature will improve the use of its in-line storage capacity leading to lower CSO discharges and increased WWTP usage. Secondly, the implementation of advanced optimization-based control strategies together with the corresponding optimization techniques. Finally, on-line calibration techniques for model adaptation to a wider range of rain events will be developed.
